We propose a non-parametric procedure for estimating systemic co-jumps and independent idiosyncratic jumps, and study associated news reported in Factiva and Bloomberg for thirty five stock markets from 1988 to 2014. Our results suggest that it is important to distinguish between systemic co-jumps and idiosyncratic jumps. We find idiosyncratic jumps to have economically significant impact on portfolios weights involving emerging markets. Both jumps have important implications for home-bias investors. Our news analysis suggests systemic jumps are typically caused by currency crises, sectoral failure, liquidity issues, and deteriorating economic climate, while idiosyncratic jumps are caused by political unrest, currency instability, and large firm effects on small economies. Many of the idiosyncratic jumps in fact originate from the same source but impact different stock markets at different times and levels.
Introduction
In addition to comovement, spillover and occasional periods characterised by crisis and contagion, many stock markets witness large shocks that are local and contained within national boundaries. Mathematically, a jump-diffusion process provides a natural mechanism whereby such large movements can be modelled. However, identifying how jumps propagate across markets and separating single market events from regional or worldwide jumps is non trivial. Jumps, by definition, are rare events and difficult to forecast over short horizons, while long horizon jump estimates are not efficient for use in short horizon portfolio rebalancing decisions. As the barrier to cross boarder stock market investment diminishes and the correlation between stock markets increases (Baele et al., 2007; Goetzmann et al., 2005;  Longin and Solnik, 1995) the benefit of international diversification reduces and the impact of jumps can be more severe. Nevertheless, the recognition that stock market returns can jump together as well as separately plays an important role in cross-market asset allocation in the context of international investment. This is due to the inherent difficulty in hedging jump risk, and also to the well documented home bias effect i.e. the tendency of investors to invest in markets and companies close to where they live.
1
In this paper we examine the impact of jumps on international stock portfolios, extending the analysis of jumps in international markets by Asghariam and Nossman (2011) and Das and Uppal (2004) among others. In particular, we make a distinction between systemic co-jumps and independent idiosyncratic jumps, and examine the impact of their misspecification on asset allocation decisions. To achieve this goal we provide a non-parametric solution to the problem of estimating potential multivariate dependency (linear and nonlinear) between jumps with the use of the Markov Chain Monte Carlo (MCMC) procedure to estimate stock market return jumps. 2 We successfully implemented our method using weekly returns on 35 MSCI stock indices over a 26-year period, which includes several important stock market events that have been widely covered by the media. Our findings suggest, congruous with the existent literature, that ignoring systemic and country specific (idiosyncratic) jumps has a negative impact on portfolio performance, and that the impact is most severe for emerging markets. We provide convincing evidence to show that the impact of idiosyncratic jumps is economically important for a home biased portfolio for both developed and emerging markets. To better understand the causes of systemic and idiosyncratic jumps, we analyse the news archives in Factiva and Bloomberg over the period from 13 January 1988 to 9 July 2014.
Our news analysis suggests systemic jumps are typically caused by, for example, currency crises, sectoral failure (e.g. dot-com), liquidity issues, sub-prime crisis and more generally a worsening inflationary economy. On the other hand, idiosyncratic jumps are often characterised by political unrest, currency instability, and large firm effects on small economies.
We also find that many supposedly idiosyncratic jumps actually originated from the same source and should be classified as systemic risk in essence. This highlights the weakness of mechanical quantitative analysis and the grossly underestimated impact of systemic jump.
The remainder of this paper is organised as follows: Section 2 introduces the MCMC methodology used to estimate the univariate double exponential jump-diffusion model for each market and explains how the simulated jump distributions are used to estimate cross market jump dependency and derive the optimal portfolio weights without imposing any 2 Kim et al. (1994) propose a similar (but different) framework to conduct a multivariate analysis to determine whether jumps in stock prices are the result of firm specific or systematic market factors and to examine the potential impact of jumps on diversification for 20 US stocks. 3 We define a home biased portfolio as the one with a zero weight on foreign markets.
parametric restrictions. Section 3 presents the data and estimation results. Section 4 presents the optimal portfolio weights and the loss due to suboptimal portfolios under restrictive dependency assumptions. Section 5 studies the news associated with the systemic and idiosyncratic jumps and summarises the sources of both types of jumps. Finally, Section 6 discusses the results and concludes.
Jump Estimation and Portfolio Optimisation
This section presents an overview of portfolio optimisation in the presence of correlated systemic co-jumps and independent idiosyncratic jumps, and of the methodology used in the estimation. 4 
Utility Maximisation and Optimum Portfolio Weights
Many previous studies concern portfolio choice with jumps and high moments. 5 Here, we adopt a very simple static approach. Assume that the stock price process S n (t), for n = 1, . . . N , has three parts: a standard Brownian motion, B n (t), a systemic jump component governed by a compound Poisson process with constant intensity λ and jump size distribution 
where r f is the risk free rate, α = [α 1 , . . . , α N ] is the drift of the risky assets, Ω is the variancecovariance matrix of the diffusion part, J = (J 1 , . . . , J N ) are the systematic jumps, and Λ = δ 1 E I 1 (1 + We use the double exponential distribution to model the systemic and idiosyncratic jump sizes J n and I n . 6 Let J n and I n have jump sizes η 1 and η 2 , and probability of a positive jump p, then J n ∼ DE (η J,n,1 , η J,n,2 , p n,J ) and I n ∼ DE (η I,n,1 , η I,n,2 , p n,I ). The double exponential density of a random variable x ∼ DE (η 1 , η 2 , p) is given by
Jump Estimation through MCMC
We assume that the information of jumps for stock n contained in its time series of stock returns is the same as that given by the N stock returns jointly, i.e. f (J n |r 1 , r 2 , · · · , r n , · · · , r N ) = f (J n |r n ). Based on this assumption, we perform the jump estimation in two steps. The first step is to estimate the jumps in each univariate stock return series using the double exponential jump diffusion model described in the previous section, and the Markov Chain Monte Carlo (MCMC) procedures. The jump estimate produced from the first step encompasses both the systemic and the idiosyncratic jumps since it is not possible to distinguish the two in the univariate setting. Hence, the jump intensity of the univariate estimation, λ U , is the sum of the systemic and the idiosyncratic jump intensities. The advantage of the MCMC method is that apart from the jump parameters estimates, it produces a jump distribution, which can be used to estimate the cross sectional jump dependency between stocks in the second step via a bootstrap method. 7 Hence, the second step is to estimate, non-parametrically, the cross sectional dependence of the jump processes given the exact timing and size of the jumps sampled from the jump distributions produced by the MCMC procedures in the first step.
The MCMC method applied here is proposed by Carlin et al. (1992) , and subsequently extended to the estimation of stochastic volatility models with jumps by Eraker et al. (2003) and Eraker (2004) . A typical way of estimating a system of several jump diffusion time series used in the literature is to specify the dependency of the co-jumps, e.g., multivariate normal distribution or some copula functions, and then estimate the parameters for the assumed dependence structure. Such a parametric multivariate approach, however, (i) imposes a strong prior in the estimation, which may bias the estimation results, 8 and (ii) places a huge computational burden on the estimation. Even for the simplest multinormal distribution, the number of correlation parameters to be estimated is
To apply an approach such as moment matching, one would require many high moment conditions.
Unless one imposes strong assumptions on the dependence structure, e.g. constant and the same jump intensity across all stocks, the estimation is likely to be highly unstable.
Portfolio Optimisation with Jumps
In order to calculate the last two jump terms in equation (1) for the portfolio optimisation, a nonparametric approach using the jump samples drawn from the MCMC is applied as 7 Appendix B provides a detailed discussion of the bootstrap procedure. 8 For example, Das and Uppal (2004) assume all jumps are co-jumps. As a result, the jump estimation for the US stock index changes depending on which group is used in the joint estimation. For instance, the jump intensity of the US stock market returns is 0.0501 per month when estimated together with the group of developed stock markets. However, when it is estimated together with the group of emerging markets, the jump intensity is just 0.0138, but the mean of the jump size doubles. It is clear that jump characteristics, in a systematic jump model, vary depending on the group members.
follows:
where the first equality is due to the fact thatJ = J 1 , . . . ,J T , with jump measure µ(J), encompasses both systemic co-jumps and independent idiosyncratic jumps. The second approximation is due to the discrete aggregation of eachJ i drawn from the MCMC sample.
Instead of assuming a specific form of cross sectional dependence of jumps, we sample from the MCMC jump distributions to capture the joint dependence. Compared with the parametric multivariate approach, this nonparametric approach is much more stable. Another advantage of our approach is that it can be easily extended to higher dimensions and accommodate more complex dependence structures. For example, it can still be applied when different subsets of stock markets experience co-jumps at different time, which is very difficult to model and estimate using the parametric method. 
Data and Summary Statistics
Our data set consists of the Wednesday to Wednesday weekly continuously compounded returns of 35 MSCI stock market indices that are available in Datastream. 10 Working with weekly instead of daily prices helps to reduce the potential problem of non-synchronous timing of jumps that is due entirely to geographical time differences. Our sample period has 1,383 weeks from 13 January 1988 to 9 July 2014, which includes a number of well known 9 One could also specify and estimate some copula function based on the sample of the jump process drawn from the MCMC procedures. However, since co-jumps are typically rare, any such estimation will be very unstable and different copula functions will produce very different results.
10 These weekly returns are measured in US$ for the convenience of the asset allocation exercise later. We have reproduced the results using local currency returns. The conclusion is qualitatively similar. Table 1 presents the summary statistics for the weekly returns on 35 MSCI stock market indices. The Latin American group has the highest average weekly return and standard deviation (averaging 0.245% and 5.219% respectively). Europe has an average return similar to that for the Far East, but with a smaller standard deviation. Similarly, Oceania has an average return closed to that for Asia, but with a smaller standard deviation. With respect to individual markets, Portugal and Japan are the only countries with negative average returns, and only Argentina, Indonesia and Japan present positive skewness. Very high values of kurtosis are observed for Argentina, Indonesia, Malaysia and Jordan.
[ Table 1 about here]
The mean and standard error for all parameters estimated are presented in Table 2 . The mean returns of the diffusion part, α, are significantly positive and the associated variance rate of the diffusion part, σ, is significantly higher for emerging markets. For all markets p < 0.5 which means that negative jumps are more likely than positive jumps. The jump sizes, η 1 and η 2 , respectively for positive and negative jumps are similar for all markets, but tend to be higher for emerging markets.
[ Table 2 about here]
In Table 3 the cross correlations are presented for eight markets, viz. Canada, Germany, Hong Kong, Japan, UK, USA, Brazil and Greece.
12 The highest correlation coefficients 11 We have chosen to study MSCI indices since they represent the unconstrained investable equity asset class, and are based solely on tradable shares. Hence, our results may more closely reflect practice and are less prone to thin trading problems.
12 From here on, we show the results for eight markets only to conserve space. Results for all markets are available on request.
are observed between the US and Canada and among the European markets, in particular between Germany and France, the UK and France. The lowest correlation is between the US and Jordan, noting that all selected markets have a low correlation with Jordan. The pairwise correlation is much lower among emerging markets.
[ Table 3 about here]
Given the sample of jump distributions produced from the MCMC and the bootstrap procedures, the jump and co-jump statistics are calculated. Table 4 reports the jump and co-jump intensities for selected markets. For instance, the jump intensity for the USA and Canada are 0.0812 and 0.0831 respectively, and the co-jump intensity between these two markets is 0.0188. 13 In general, the developed and open markets such as Canada, Germany, Hong Kong, UK, and USA have higher jump and co-jump intensities. Greece and, especially, Japan have fewer jumps and co-jumps. Brazil has a lot of jumps but fewer co-jumps.
[ Table 4 about here] Table 5 presents the conditional co-jump probability,
where λ U (i, j) is the co-jump intensity between markets i and j and λ U (i) is the jump intensity of market i. The conditional jump probability in (4) and reported in Table 4 are not symmetrical, since the conditioning variable is different. For instance, 14% of the jumps in Hong Kong are co-jumps with Japan, but only 8% of jumps in Japan are co-jumps 13 The co-jump between a country and itself is equivalent to its univariate jump intensity. Note that the univariate jump intensities reported in Table 4 is calculated by a bootstrap method using the jump distribution drawn from the MCMC procedure. Hence, they are slightly different from those reported in Table 2 .
with Hong Kong.
14 This table shows that the stock market jumps in Japan are largely idiosyncratic jumps.
[ Table 5 about here]
The Impact of Jumps on Asset Allocation
In this section, we report the asset allocation decisions and portfolio weights when equation (1) is optimised using a constant risk free interest rate of 3% per annum, an investment horizon of one year, and a risk aversion parameter of 3. Three distributional assumptions are tested via a mean variance (MV) model, a systemic co-jump model (SJ), and a double exponential model (SJIJ-DE) that assumes that systemic and idiosyncratic jump sizes are double exponential but makes no assumptions about jump dependency. Table 6 reports results for selected markets. Each cell in Table 6 contains the optimal weight for the risky portfolio of two assets, vis-à-vis the risk free rate, for investor in country i with foreign asset j for the three models. For instance, consider the first row. Here, a Canadian investor is mixing Canadian stocks with those in a foreign market. When she combines Canadian stocks with Dutch stocks, the optimal weight for the risky portfolio comprising those two assets is 58% according to the MV model, 55% according to the SJ model, and 48% according to the SJIJ-DE model. In general, the investment in risky assets decreases when jump is considered, consistent with the results obtained by Das and Uppal (2004) . When the co-jump assumption is relaxed and the idiosyncratic jump is taken into account, the investment in risky assets is further reduced. Risk averse investors dislike jumps, and respond by reducing the weight of the risky portfolio. The impact of the jump effect is stronger for Canada and Mexico, and when the foreign stock market is Jordan. To gauge the economic significance of the investment choices, we calculate the CEQ (Certainty Equivalent) for the optimal weights in Table 6 using the mean variance portfolio as the base case. The CEQ is the additional dollar amount of initial investment needed for the mean variance portfolio in order to produce the same amount of utility as compared with the portfolio that contains jumps. The results, presented in Table 7 , show that when the impact of idiosyncratic jumps are taken into consideration, the CEQ becomes higher than the CEQ of systemic jumps alone.
This feature is true for both developed and emerging markets. For instance, if we look at the CEQ of an American investor, systemic jump has an impact of up to 6.9 basis points (bps) (for a portfolio containing Brazil), and when taking both systemic and idiosyncratic jumps into consideration the impact can be up to 41.3 bps (for a portfolio containing Indonesia) compared to a mean variance portfolio.
[ Table 6 and Table 7 about here]
Next we examine the CEQ of the two risky assets, viz. domestic and foreign stocks estimated by the three models. Here we define home biased portfolio as one with a weight of zero on the foreign stock. 15 The results in Table 8 [ Table 8 about here]
We deduce from Table 8 that the home bias problem is most acute when the home stock market performs poorly, while a good jump model is particularly important when the home market is characterised by many idiosyncratic jumps. Indeed, in the case of Greece, the loss in CEQ due to home bias is between 17.5% to 23% (or 1741 to 2317 basis points), while CEQ loss due to jump omission is between 14 to 42 basis points. In the case of Brazil with low correlation and low co-jump intensity, the loss in CEQ due to home bias is between 29%
to 33% (or 2864 to 3269 basis points), while CEQ loss due to jump omission is between 25 to 65 basis points.
News Items Associated with Stock Markets Jumps
From the jump distributions and jump estimates produced in the previous section, we count for each of the 1383 weeks in our sample period, the number of stock markets that have experienced a jump. Then, for weeks where at least one stock market jump is observed, we search news archives for news that might be associated with the jumps. 16 It is important to note that news survey is a qualitative and subjective study of historical events. There are two types of potential biases. First, there are many news items each day, some of which are potentially very important, but we only select the news that appears to match the dates and 16 The primary source for news items include Factiva and Bloomberg with some additional items sourced from Cam Harvey's web site, Google and wiki searches. Interestingly, a number of our key dates also match those in Aggarwal et al. (1999) . stock markets concerned. Second, when we cannot find any news that matches the jump event (e.g. in the case of Jordan), it may be due to the lack of reporting or bias in the news coverage rather than the absence of news itself. With this caveat in mind, we proceed to analyse the jumps related news below.
Systemic Jumps
The jump count exercise produces the following statistics: The most striking, but perhaps not surprising, finding from the news search exercise is that all European stock markets should really be treated as one single market and it is best to reclassify European systemic jumps as idiosyncratic to Europe. The reason being there are many weeks when a jump is estimated in five or more European stock markets, yet no relevant news can be traced, suggesting that these weeks are not likely to be systematically important.
This is the case especially from 2009 onwards, suggesting that the European markets are more fully integrated after the subprime crisis. The group of Asian stock markets, to a lesser extent, exhibit a similar trend of integration over the same period.
From the weekly aggregate jump size, we select the ten weeks with the most negative total jump size (%), and the ten weeks with the most positive total jump size (%). Table 9 [ Table 9 about here]
We identify, over the 26-year sample period, six main causes of international stock market Many studies have examined how jumps might spill over causing contagion in international stock markets.
18 Our news analysis revealed that stock market turbulence travels by three usual routes: trade links, cross-border or cross-markets risk-return relationships, and liquidity spiral. Being one of the largest global economies, US macro news releases are linked to 8 systemic events. When the Fed raises the base rate, it triggers funds flow from equity into bonds and from low yield countries into US. Similarly, when crisis erupts, uncertainty and "flight to quality" drives funds from equity to bonds and gold, and from higher risk 17 For the remainder of this section, we classify the 80 weeks where five or more stock markets simultaneously record a jump as systemic jump weeks in order to focus on the more important international events. Indeed, we find such a classification is reliable, especially when the stock markets concerned spread across different continents.
18 See e.g. emerging markets to lower risk developed markets. Finally, liquidity drainage is triggered in the most unprescribed manner. In 1989, the failure of a large takeover bid caused the junk bond market and all stocks with a high takeover premium to collapse causing an illiquidity spiral which, in turn, affected unrelated, more liquid, better performing securities. Fund redemption and fire sales mean developed stock markets and markets that are not involved in the first round of financial crisis, may fall victims of the second round contagion.
Idiosyncratic Jumps
For simplicity, we focus our analysis of idiosyncratic jumps on the 272 weeks where a jump is recorded for only one stock market. Of the 35 stock markets, Jordan has the largest number of idiosyncratic jumps (41), followed by Indonesia (29) In contrast, idiosyncratic jumps in the US (6) and Canada (4) are non-political. In the US, they are caused by unexpected rate moves, whereas in Canada, they are due to tech firm profit warnings, and commodity news -oil price increases and metal price drops. No news items are identified for the sole New Zealand stock market jump, while one of the two Australian stock market jumps coincides with an earthquake and the subsequent power blackout.
With respect to the Asian markets, all three idiosyncratic jumps in Japan are positive jumps associated with the government stimulus package, bridge bank reform and a strengthening yen while Korea has eight stock market jumps, all associated with news about its economy, currency, debt and the fortune of its flagship companies. Taiwan and Hong Kong have 17 and 6 idiosyncratic jumps respectively. Both share a common tie with China. Consequently, any political dispute with China has a substantial impact on their stock markets.
Aside from that, like the other stock markets, they are affected by rate cuts, the general economic outlook and US economic developments. Singapore has four stock market jumps but no associated stock market news. The analysis above suggests that the common causes of stock market idiosyncratic jumps are unstable non-primary currencies (Argentina, Brazil, Mexico, Malaysia, Thailand and Turkey), local political uncertainty (Chile, the Philippines, Hong Kong), and small economies' exposure to big local firms (Finland, Sweden, and Ireland). [ Table 10 about here]
Time delays in the spread of systemic jumps
[ Figure 1 about here]
In Figure 1 , we present the impact of the top ten events by country. Most stock markets lost 10% to 20% in these top ten events with Europe bearing the brunt of the post subprime financial instability. The market that is least affected by the systemic events is Japan, followed by Chile and Greece. But, the key message in this figure is that none of the 35 stock markets is completely immune from the world's woe; systemic risk is more widespread that any quantitative methods can detect and will affect every stock market sooner or later.
19 The duration of Asian flu is difficult to pin point as all the stock markets in that region were very volatility from 1994 to 1998. The first sign of troubles was noted on 12 July 1994 when there were massive withdrawals by foreign institutional investors triggered big falls in stock prices in Malaysia and Singapore. The is followed by a continuous period of sporadic co-jumps involving 5 to 12 Asian markets till the Thai baht devalued on 2 July 1997, and Hong Kong dollar devalued in October 1997. The last episode of substantial cojumps involving Taiwan, Singapore, Phillipines, Malaysia, Hong Kong, Indonesia and Thailand was observed on January 7, 1998.
Discussion and Conclusion
In this paper we estimate individual stock market jumps using a double exponential jump diffusion model and a Monte Carlo Markov Chain (MCMC) procedure. We estimate jump dependency in two steps. First, a MCMC is applied to weekly market returns of 35 MSCI stock indices from 13 January 1988 to 9 July 2014, categorized in two groups: developed and emerging markets. The sampled paths of the univariate jump components are then used to study jump dependence between markets. We justify and explain in detail the merit of such a non-parametric approach for handling jumps.
Consistent with Das and Uppal (2004), our results suggest that it is important to distinguish between systemic co-jumps and independent idiosyncratic jumps in stock market returns. However, when we restrict the modelling assumptions to systemic common jumps, we find no significant difference in portfolio choice and CEQ against the mean-variance approach. By allowing idiosyncratic jumps, we find economically significant improvement in portfolios of emerging markets. For home biased portfolios, both systemic and idiosyncratic jumps are important, affecting portfolio choice in emerging and developed markets alike. However, it is important to recongnise that jump models are prone to model misspecification as time evolves. This is because, jumps, by definition, are rare events and their occurrence or absence in a particularly sample period will greatly influence the estimation and parameter estimates. Moreover, as our news analysis shows, many so called idiosyncratic jumps in different markets are triggered by the same source. This makes the measure of jump dependency very unstable depending on the data frequency and sample period. jumps together with the U.S., Hong Kong, and Japan. We do find emerging markets to have lesser co-jumps than developed markets.
We also find that 860 weeks (62%) of our 26-year sample period have no jump estimated in any of the 35 markets. But when there is a jump, 15% (80) of these are likely to be systemic.
20 Jumps, systemic and idiosyncratic, are latent variables. Different data frequencies and sample periods will lead to very different conclusions. Moreover, if we use our qualitative analysis by grouping jumps triggered by the same source as co-jumps then systemic risk markedly increase. The facts that the subprime crisis lasted one year, the Asian flu lasted four years, and the long period of uncertainty due to the implementation of government stimulus programme that lasted ten months, serve to illustrate the point that robotic measurement of co-jump could be quite misleading. Many so-called idiosyncratic jumps in fact originate from the same source but impact on different stock markets at different times and levels. Given the prevalence of single-country equity funds (e.g. long/short U.S. equity) and the huge amount of research effort devoted to stock market jumps, our finding is economically important.
A Value Function and Portfolio Optimisation
The stock price S n (t) at time t, for n = 1, . . . , N , is given by the following process S n (t) = exp ln S n (0) + α n t − 0.5σ
where S n (0) is the initial price of security n, α n is the drift, σ n is the volatility, B n (t) is a standard Brownian Motion, Ω is the variance-covariance of the diffusion part with a
y=1 J n,y is the systemic jump which is a compound Poisson process with constant intensity λ and jump size distribution J n , and
x=1 I n,x is the idiosyncratic jump which again is a compound Poisson process with individual intensity δ n and independent jump size distribution I n .
For N securities with jump type i = Y, X, let Let ω = [ω 1 , . . . , ω N ] be the proportion of investor's wealth invested in the N securities and, without loss of generality, let the initial wealth be unity. In the presence of a risk-free rate, r f , the investor's wealth at time t is thus given by
where
(σ · B (t)) denotes the element-by-element multiplication of σ n and B n (t), and 1 is a vector whose elements are all 1.
It is assumed that investors present Constant Relative Risk Aversion (CRRA) with a power utility function U (W (t)) = ρ t W (t) 1−γ / (1 − γ) , where γ is the risk aversion parameter, ρ is the discount factor, and U (·) is a twice differentiable and strictly concave utility function.
21
In this setting, the problem faced by an investor is the maximisation of the expected utility derived from wealth
Solving the above expectation, differentiating, simplifying and using the fact that exp (x n ) ≈ (1 + x) n yields equation (1) .
B Univariate Estimation with MCMC
The MCMC is a simulation methodology for sampling from a desired probability distribution by constructing a Markov Chain of conditional distributions. The key idea in the MCMC estimation is to construct the posterior distribution of the parameters Θ, p(Θ|Y ), based on
Bayes rule and observations Y , using the likelihood p(Y |Θ) and the prior distribution p(Θ).
A key advantage of the MCMC over other estimation methods is that it can handle latent unobservable processes in the data, such as the jump process in stock returns in our case.
Indeed, it produces sampling distribution of the latent variables as a byproduct which we use 21 For γ = 1, U (W (t)) = ln (W (t)) .
to calculate jump and co-jump intensities, and portfolio jumps during portfolio optimisation.
Since we apply the MCMC procedure to the univariate series only, we drop the subscript n for ease of exposition. Considering a set of parameters Θ DE = {α U , σ U , η 1,U , η 2,U , λ U }, ), where
..,T is the log stock return and m = 0, 1 jump. Therefore, for the ith draw we have
where r t is the log return at time t, f P (·; λ U ) is the probability density function (pdf) of a
Poisson distribution with mean value λ U , f (·; a, b) is the pdf of a normal distribution with mean value a and variance b 2 , and f * (·) is the pdf of a double exponential distribution as in equation (2). Since we consider the case of having a maximum of one jump at any point in time, the conditional probability distribution of jump number P (
) is a
22 See equations (1) and (2).
Bernoulli distribution,
Next, we draw from a uniform distribution and if the number obtained is greater than P (N i t = 0), we set N t = 1. The corresponding jump size, sampled using the Griddy Gibbs method with 200 grid points for each ξ, has a probability density
Again, a uniform number is drawn, mapped to the normalised value of P J (J i t = ξ), and a particular value ξ is assigned to J i t . This process is repeated for t = 1, . . . , T until we obtain
In using the MCMC methodology, it is necessary to establish convergence in the parameter distributions generated by the MCMC sample paths. Here, we apply the Geweke (1992) test for convergence to examine whether the samples appear to come from a stationary distribution. The number of samples is set to 3100, with the first 100 samples for burn-in are discarded. Then the distribution for the first 1000 samples versus that for the last 2000 samples is examined. The Geweke (1992) diagnostics show strong evidence of convergence.
23
From the sample of jump distributions produced from the MCMC, a bootstrap method is used to estimate the probability of jump and co-jump between two stock return series. By randomly picking the jump sample paths of any two return series, it is possible to evaluate the dependency of jumps. Repeating this sampling process enough times (5,000 in our case) and taking the average, one can obtain the estimates of co-jump statistics between any two stock return series.
23 Detailed results are available from the authors on request. The jumps have a double exponential distribution with positive jump size η 1 and negative jump size η 2 , p probability of an up jump and jump intensity λ; α and σ are the drift and variance rates of the diffusion part. This table is not meant to be symmetrical. For instance, 14% of the jumps in Hong Kong are co-jumps with Japan, but only 8% of jumps in Japan are co-jumps with Hong Kong. This table presents the optimal weight of the risk asset portfolio vis-a-vis the risk free investment for investor from country in row i with foreign asset in column j using the Mean Variance (MV), Systemic Jump (SJ) and Systemic and Idiosyncratic Jumps with double exponential jump size (SJIJ-DE) models. -34.9 -2.1 Tech bubble "No" is the number of stock markets affected, "Total" is the aggregate jump size (%) of all markets where a jump is detected, "Ave" is "Total" divided by the number of affected markets. The stock price S n (t) at time t, for n = 1, . . . , N , is given by the following process S n (t) = exp ln S n (0) + α n t − 0.5σ 2 n t + σ n B n (t) + Q λ,n (t) + Q δ,n (t) , (A.1)
where S n (0) is the initial price of security n, α n is the drift, σ n is the volatility, B n (t) is a standard Brownian Motion, Ω is the variance-covariance of the diffusion part with a typical element cov (σ n B n , σ m B m ) = tσ nm , Q λ,n (t) = Y (t) y=1 J n,y is the systemic jump which is a compound Poisson process with constant intensity λ and jump size distribution J n , and Q δ,n (t) = Xn(t) x=1 I n,x is the idiosyncratic jump which again is a compound Poisson process with individual intensity δ n and independent jump size distribution I n .
For N securities with jump type i = Y, X, let µ i = (µ 1,i , . . . , µ N,i ), v i = (v 1,i , . . . , v N,i ), Q λ (t) = (Q λ,1 (t) , . . . , Q λ,N (t)), Q δ (t) = (Q δ,1 (t) , . . . , Q δ,N (t)), I = (I 1 , . . . , I N ), J = (J 1 , . . . , J N ), and Ω J be the vector of covariances between J n and J m with a typical element v nm . It is implicitly assumed that all systematic jumps occur at the same time and with the same intensity.
Let ω = [ω 1 , . . . , ω N ] be the proportion of investor's wealth invested in the N securities and, without loss of generality, let the initial wealth be unity. In the presence of a risk-free rate, r f , the investor's wealth at time t is thus given by W (t) = exp (r f t + ω (α − 1r f ) t − 0.5ω Ωωt + ω (σ · B (t)) + ω Q λ (t) + ω Q δ (t)) ,
where S (t) = [S 1 (t) , . . (σ · B (t)) denotes the element-by-element multiplication of σ n and B n (t), and 1 is a vector whose elements are all 1.
It is assumed that investors present Constant Relative Risk Aversion (CRRA) with a power utility function U (W (t)) = ρ t W (t) 1−γ / (1 − γ) , where γ is the risk aversion parameter, ρ is the discount factor, and U (·) is a twice differentiable and strictly concave utility function. Solving the above expectation, differentiating, simplifying and using the fact that exp (x n ) ≈ (1 + x) n yields equation (1) in the main paper.
where Y = ln S t+1 − ln S t .
If the posterior distributions p(θ|Y ) are in the same family as the prior probability distribution p(θ), the prior and posterior are called conjugate distributions, and the prior is called a conjugate prior. There are two sets of parameters in our model; one for the the diffusion part, which includes µ and σ, and the other is for the jump part, which includes λ, η 1 , η 2 , and p. The likelihood function for the diffusion part is given by diffusion process, Y − J t N t , while the jump part is given by the jump process, J t N t . Since all parameters have conjugate prior distributions, it is easy to sample the new parameters based on the previous parameter where r t is the log return at time t, f P (·; λ U ) is the probability density function (pdf) of a
Poisson distribution with mean value λ U , f (·; a, b) is the pdf of a normal distribution with mean value a and variance b 2 , and f * (·) is the pdf of a double exponential distribution as in equation (2) in the main paper. Since we consider the case of having a maximum of one jump at any point in time, the conditional probability distribution of jump number
) is a Bernoulli distribution, The pdf of jump size P J (J i t = ξ) is not known, hence the jump size is drawn by mapping the normalised value of P J (J i t = ξ) to a uniform distribution, U . We can then sample the jump size by J i t = Φ −1 (U ), where U is a uniform distribution random variable, which is easy to sample. This process is repeated for t = 1, . . . , T until we obtain J i 1:T .
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